ABSTRACT Air quality system is characterized by dynamism, dependency, and complexity. Scientifically representing the internal structure of air mass distribution and its relationship to reveal the dynamic evolution of air quality is the key to solve the air pollution problem. This paper abstracts the air quality system into the complex network innovatively by synthesizing spatial and temporal factors influencing air quality status. Based on quantifying the regional dynamic interconnection and interaction, our modeling approach is proposed to mine the relationship of different regions. First, the dynamic time-varying nature of air pollutant concentration is essential to get the interaction frequency of local air quality in the time dimension. The time correlation analysis of air quality nodes is conducted by calculating the time correlation matrix to construct the air quality network topology. Second, spatial distance and wind are the main factors influencing the diffusion of pollutants, which is used to characterize spatial homogeneity and heterogeneity. By computing the spatial correlation matrix, the spatial interaction intensity is quantified. Then, air quality spatiotemporal model is established by integrating the temporal and spatial correlation. Finally, based on the air quality spatiotemporal network model, community detecting algorithms are used to mine the local similarity and regional interaction. We evaluated our model with extensive experiments based on real data. The results show that our model is dynamic, reliable, and scalable. Utilizing the characteristics of the complex network community, our approach reflects the local and propagating characteristics of air quality and lays the foundation for air pollution prevention and further prediction.
I. INTRODUCTION
The research on air quality has been widely watched in recent years, for air quality is critical to human health and urban governance [1] , [2] . At present, various regions in many countries have established a wide range of air quality monitoring systems, resulting in a certain amount of monitoring data. However, there are many difficulties to be solved in order to indicate the air quality more scientifically. Firstly, air quality is affected by multiple factors [3] - [7] , such as pressure, temperature, humidity, rainfall, illumination, etc. These factors will affect each other or produce physical and chemical reactions, making the analysis of air quality more dynamic, variable and complex. Considering the complicated data collection of these factors, studies need to be conducted to identify factors that play major roles in the evolution of The associate editor coordinating the review of this manuscript and approving it for publication was Chun-Wei Tsai. air quality and should be further used rationally. Secondly, the amount of existing air quality monitoring stations is not substantial in a city due to the expensive cost of building and maintaining such a station [3] , so that air quality monitoring data should be perceived properly before effective application. Finally, basic theoretical guidance and core technical support of dynamic analysis of air quality are still lacking, leading to the accuracy of air quality analysis difficult to guarantee. Due to the dynamism and complexity, a reliable model is needed to accurately characterize the distribution structure and evolutionary behavior, with the purpose of detecting the regional evolution trend of air quality and the interaction of pollutants between regions. According to data analysis, air quality evolution often follows some regularity with the development of time and space. Therefore, air quality analysis model should be established taking both spatiallyrelated features and temporally-related features into account [3] , [4] , [8] . From the angle of time, air quality status in a given area usually has no significant change over a consecutive period. Meanwhile, adjacent areas often appear similar variations in the spatial dimension. Accordingly, relying solely on temporal or spatial dimension cannot achieve the realistic requirement of air quality analysis. On the one hand, local air quality of geographically adjacent areas is possibly quite different, which means that small distance is not the sole criterion to estimate the interactive correlation among nearby areas. On the other hand, locations that are very far away from each other, with similar varying law of air quality in the same period, can hardly be related by crossdomain diffusion. Consequently, the key to realize accurate analysis of air quality by establishing an effective model is that scientifically representing the main influencing factors of spatial and temporal dimensions and characterizing complex spatial and temporal correlations.
The complex network model has led to a series of important discoveries in recent years [9] , [10] , [12] , [13] , which has played a significant role in the analysis of real world problems. Many complex systems in the real world either exist in the form of complex networks or can be transformed into complex networks [9] , [11] , such as interpersonal networks, scientists' cooperation networks and epidemiological networks in the social system, neural network, gene regulation network and protein interaction network in ecosystems. More complicated topology than the regular network, complex network in the real world possesses some basic statistical properties. The small world effect reflects the characteristic of complex networks with short path length and high clustering coefficients [12] . The characteristic of node degrees obeying power law distribution in the complex network is known as scale-free property [13] . The feature, that the nodes inside the community are closely connected and the nodes of different communities are less connected, always exists in complex network systems [9] . Complex network has become a powerful tool for systematic science, complexity science and statistical research. At present, researches of air quality system have not applied the complex network theory to establish model. Therefore, this paper uses the complex network to characterize the system in both spatial and temporal dimensions.
Note that economic factors, meteorological factors, geographical factors and their interactions form the complex relationships and constraints of air quality spatial-temporal surroundings. At the same time, regional air quality status shows the network topology dependency characteristic of dynamic interconnection and interaction. Therefore, this paper describes a novel complex network based air quality spatial-temporal dynamic model to dynamically measure spatial-temporal distribution and interaction.
The main contribution of this paper lies in the following three aspects:
(1) Spatiotemporal relations are illuminated by identifying temporal-related and spatial-related features to measure air pollution degradation and propagation. Temporal correlation is obtained by evaluating the pollutant evolutionary similarity of different locations. The spatial dependence is computed by assessing the propagation intensity of local sites using standard Gaussian diffusion model. Instead of treating the temporal correlation and spatial constraint separately, this paper combines them in a complex network for collaborative analysis.
(2) We propose a novel modeling method mainly based on the complex network for the mining of regional impacts of air quality. The distribution and regional diffusion of air quality are reasonably represented, and the subjectivity and deviation caused by grid-division or clustering-division methods are modified. By effectively detailing and formalizing the air quality system, regional monitor stations are mapped into nodes of the complex network, and the structure of complex network is constructed according to the temporal and spatial attributes.
(3) We evaluate our model dynamically by hour with real data using three different community detecting algorithms for the first time. According to the analysis of real data, the division results represented by communities well coincide with the criterions of community characteristics and requirements of real application. So, our model demonstrates that the complex network owns the reliability and scalability for better describing and understanding air quality system. By setting up the experiments based on different dates, the regional correlation of different cities and the interaction between them is clarified. Therefore, this model is favorable for accurate prediction of air quality relying on the entire area instead of just one place.
II. RELATED WORK
Attributed to the large scale of air quality system, it is difficult to achieve an accurate description of the meteorological features, geographical features, economic features and the complex relationship among them during the dynamic evolution process. Accurate characterization and measurement of temporal and spatial distribution and interaction of air quality has become a key issue in the field of air quality research. At present, characterization methods of air quality model include grid-division based analysis method and cluster-division based analysis method.
Grid-division based analysis method which is considered as a traditional division way, partitions the entire area into adjacent grids to advance the spatial interpolation and air quality simulation. Shepard [14] used the grid-division method to achieve two-dimensional spatial interpolation of air quality, assuming that each grid is a unit with uniform air pollutant concentration. Bai et al. [15] defined uniform grids to accomplish near surface PM 2.5 concentration interpolation making use of the satellite observation data. In addition, Tang et al. [16] applied the divided grids to carry out the spatial interpolation for the PM 2.5 concentration, of which the data came from different sources. Zheng Y et al. divided the research area into disjoint grids (3km * 3km), and then employed the temporal features and spatial features to conduct spatial interpolation of air quality taking the influence of adjacent grids. Moreover, Goodin et al. [17] constructed a three-dimension wind field of the urban area with the use of finely defined grids. Vardoulakis et al. [18] took advantage of grid-division method to complete air quality simulation of the street canyon. Besides, Syrakov et al. [19] simulated the European air quality through the pre-defined grids. Pisoni et al. [20] provided a hierarchical grid-division method, where the granularity changes with the distance, to increase the spatial flexibility of the ''source-acceptor'' relationship in the air quality model. In terms of air quality prediction, the grid-division based method is mainly used for the forecasting of air quality index called AQI or its main pollutant concentration. Ong et al. [7] simply selected k nearest neighbours to accomplish the prediction of PM 2.5 , which used a dynamic pre-trained deep recurrent neural network. Eder et al. [21] and Byun and Schere [22] both employed the neighboring grids for predicting contaminants concentration. Yu et al. [23] constructed prediction model for the concentration of PM 2.5 based on random forest, utilizing the effect of air quality concentration of adjacent grids. Furthermore, Zheng et al. [4] defined a circular-division method, which is similar with the grid-division method, dividing the study region into three concentric circles to predict the AQI. The above analysis based on grid partition is largely influenced by subjective factors and limited by the critical conditions, which can be demonstrated by the empirical process. The grid partition procedure weakens the quality and efficiency of subsequent air quality analysis, because of lacking sufficient consideration of the constraint and correlation in air quality system. Cluster-division based method is another pattern for basic air quality research, which exploits clustering algorithms to divide the research area into regions with internal similarity. Jiang et al. [24] used the BP neural network to predict the air quality based on the clustering result of available pollutants concentration. Reyes and Sánchez [25] enhanced the efficiency of clustering based on genetic algorithm for the following analysis of air quality. Sefidmazgi et al. [26] applied bounded variation clustering based on testing changes in air quality temporal series. Chen et al. [27] took k-means algorithm on the decomposed original temporal series to analyze the air quality evolution. Similarly, Austin et al. [28] employed k-means algorithm on the components of PM 2.5 to investigate the air quality situation in the US. Moreover, Liu et al. [8] did research on the prediction of PM 2.5 concentration using Geo-SOM cluster algorithm. Above methods can overcome partial influence of anthropic factor, but also ignore theoretical analysis of pollutant propagation between regions. Clustering algorithms often simply consider temporal features, which will result in inaccurate analysis and forecasting of air quality. In this paper, a model based on the complex network called air quality spatial and temporal network is proposed with a fresh perspective, abstracting regional air quality distribution into a complex network and scientifically representing the spatial and temporal correlation of air quality characteristics. Our work composites the temporal and spatial features, illuminating the relationship and effect intensity of different sites and providing a basis for further analysis and forecasting. This model will generate a reliable partition result called community set by dividing the network into communities to complete the analysis of air quality dynamic evolution according to the network connectivity.
III. AIR QUALITY SPATIO AND TEMPORAL RELATIONSHIP ANALYSIS
In this section, reasonable analysis of air quality temporal and spatial features and their relations will be given, which is the basic theorization process of our work.
Inside the air quality system, geographical factors, meteorological factors and economic factors always have influence or interaction between each other, making the air quality analysis complicated. Among these factors, we consider air mass concentration as the main temporal factor that will reflect the correlations between sites. Geological features (such as site position and distance) and meteorological characteristics (such as wind direction) are regarded as spatial restraint to quantify the pollutant dispersion. The multidimensional characteristics of air quality system with complex temporal correlation and spatial restraint form the complexity and polymorphism of air quality evolution.
Obviously, air quality system covers a collection of monitoring sites, reporting the AQI or main pollutant concentration. Those sites combined with pollution transmission path can form an air quality network. Spatial interpolation algorithms based on detected data are usually applied to forecast air quality of areas possessing no monitoring stations in air quality network. This process often produces some errors and bias making the establishment of model imprecisely. Therefore, we construct an air quality network model, which utilizes the real data from monitoring sites without considering the spatial interpolation. Our model derives from the graph theory by mapping the monitoring sites into nodes of complex network and establishing the edges between nodes according to temporal and spatial correlations. The monitoring sites record the concentration by hour, resulting in a hierarchical model as shown in figure 3 , of which each layer represents a circumstance of air quality at a given time. The way that influences the air quality status of a place is usually categorized into two types, which can be termed as local pollution and propagation pollution. Local pollution means that the pollutants produce and disappear in a small range, which is mainly caused by the emission of local sources like automobile exhaust or industrial gas and can be dismissed by dilution settlement. Propagation pollution stands for the regional interaction of pollutants through the spreading process, which is influenced by geographical condition and meteorological situation. Besides, local pollution and propagation pollution are associated with each other. Propagation pollution is an external cause, which will bring contaminants from outside places influencing the regional air quality to different extent. Meanwhile, local pollution regarded as the internal factor of air quality can also be reduced by pollution diffusion, during which the pollutants are propagated to other places due to the effect of wind or other factors. Generally, downwind direction and lesser distance between two independent sites can make the propagation of pollutants easy.
Under the effect of local pollution and propagation pollution, air quality shows local similarity in a region of a certain size, which will form a distinct local structure called local air quality (LAQ). LAQ is composed of several regional sites, of which the air quality status and changing trends are very similar. The air quality network can be divided into several areas, according to tight interaction inside LAQ and limited reciprocal effect between LAQs. The division result can be detected by community mining algorithms in our work, which abstract LAQ into community structure in the complex network.
We construct a reasonable model for researching the correlation inside LAQ and distinction between LAQs, which involves the analysis of temporal features and spatial features to provide the basis of air quality study. The theoretical analysis process as shown in Figure 3 is detailed in the following description, which gives some concepts.
A. REGIONAL AND LOCAL AIR QUALITY CHARACTERISTICS
During a certain period, the regional air quality (such as Beijing-Tianjin-Hebei region) appears internal polymorphism characteristic influenced by geographical factors, meteorological factors, economic factors and interactions between them. Thus, the regional area can be divided into several inner-similar local structures that are LAQs. As shown in Fig. 3 , there are three LAQs represented as {G 1 , G 2 , G 3 } in the regional air quality M (t n ) at time t n :
There, v i stands for regional nodes (monitor stations), G i stands for the LAQ, and M (t n ) respects the regional air quality at time t n .
B. TEMPORAL CORRELATION OF AIR QUALITY
Considering that air pollutant concentrations of regional nodes change with time, the temporal correlations between nodes can be expressed by the similarity of pollutants concentration and its variation trends over a certain period, which is caused by the interaction intensity between nodes. Thus, the basis for realizing the temporal correlation between regional nodes is computing correlations of pollutants concentration sequences. If concentration sequences of pollutants corresponding to different nodes have strong similarity, the temporal correlation between nodes is strong. Otherwise, the temporal correlation between nodes is weak. As shown in Fig. 3 , it can be seen that the concentration of node v 5 and node v 7 at t n and their variation trends are very similar, which indicates that these two nodes have strong temporal correlation. Evidently, nodes with strong correlation are easy to form a LAQ.
We assume that Q represents the collection of contaminant species in the model at time t.
Meteorological factors (such as wind direction) and geographical factors (such as distance) are important constraints for the spatial dependence analysis of regional nodes. The spatial dependency is caused by the interaction of pollutants between nodes, while the strength of air mass interaction is obtained by the cost of contaminant diffusion. According to the Gaussian propagation model, propagation cost of pollutants is computed mainly based on the distance of nodes pair and the wind direction. For example, when the distance between nodes v i and v j is large, or v j is not within the range of wind direction of v i , the spatial interaction between them is weak. Under this circumstance, the propagation cost of these two nodes is expensive, which decreases the spreading effect. On the contrary, small distance and appropriate wind direction are attributable to strong interaction between nodes. Thus, spatial dependence of air quality is another important constraint on the formation of LAQs.
D. AIR QUALITY DISTRIBUTION AND DYNAMIC EVOLUTION
Temporal correlation and spatial constraint of regional air quality can reflect or establish the distribution of air quality and similarity of LAQs over different periods. As shown in Figure 3 , under the influence of spatial-temporal relations, the air quality is developed as
By learning spatial and temporal association of regional air quality, a complex network based model is established, whose main goal is rationally characterizing the distribution and interaction process of air quality and supporting further effective analysis.
IV. AIR QUALITY SPATIAL AND TEMPORAL NETWORK MODEL
According to the above analysis of air quality temporal and spatial relations, establishment process and analysis procedure of air quality spatial and temporal network model will be detailed in this part as shown in Figure 4 , which consist of three phases. The first phase is constructing the topology of air quality spatial and temporal network by mapping regional monitor stations in air quality system into nodes of a complex network with temporal and spatial attributes. Additionally, given the nodes distribution, edges in the network topology are created based on an adjacency matrix. The temporal correlation matrix is computed based on concentration sequences, which can be converted to the adjacency matrix, to store temporal relevance degrees of node pairs in nearest historical period. Secondly, considering the effect of spatial homogeneity and heterogeneity of air quality, spatial correlation intensity is calculated concerned with geography and meteorological factors, in hope of allocating weights of edges in the network topology. In this context, the spatial correlation matrix is constructed to evaluate the spatial constraint for each pair of nodes. Finally, the network is divided into clusters using corresponding community mining algorithms. Based on the mining results, the validation of the air quality spatial and temporal network model is undertaken with the characteristics of community structure, which proves the model credible and scalable.
A. BASIC DIFINITIONS OF AIR QULITY NETWORK
In this section, basic definitions related to air quality spatial and temporal network are given. Node set and edge set present interconnection and interaction in air quality network. Besides, the air quality spatial and temporal network model is constructed dynamically, because the air pollutant concentration is recorded by hour.
Definition 1 [Air Quality Spatial and Temporal Network (AQSTN)]:
AQSTN is an weighted undirected network, which represents the distribution and association of regional air quality. Depending on air quality temporal correlations and spatial constraints, we define air quality spatial and temporal network as follows.
In AQSTN , node set V represents the regional nodes of different geographical areas. Edge set E represents edges between different air quality regional nodes. The set W denotes interaction intensity (edge weight) between nodes. Besides, set Q denotes pollutant species to be analysed for node set. TR ∩ SR denotes the constraint condition under the impact of air quality temporal and spatial factors.
Node set V , the set of air quality nodes, can be defined as follows.
where t is the current time, m is the total number of nodes, Lng is the longitude of node i, Lat represents the latitude of node i, wd t is the wind direction of node i at time t, c t is the contaminant concentration of node i at time t.
Edge set E describes the propagation and interaction relationship of air quality between nodes in a node set V .
Definition 2 [Air Quality Temporal Correlation (TR)]:
Air quality temporal correlation indicates temporal interaction intensity between air quality regional nodes for a certain period of time, which is defined as follows.
TR is the temporal correlation matrix, and r ij represents the partial correlation coefficient of air quality contaminant concentration temporal sequences corresponding to VOLUME 7, 2019 nodes v i and v j , reflecting the degree of correlation between the two variables. Pollutant concentration temporal sequence characterizes the evaluation of pollutant concentration changing over time in a given period. The representation is as follows.
Set C i donates the vector of contaminant concentration temporal sequence of node i. c t is the concentration of pollutant at time t where the granularity is set to one hour.
Definition 3 [Air Quality Spatial Correlation (SR)]: SR
Here, SR is the spatial correlation matrix. Element w ij in the matrix represents the degree of spatial correlation between nodes v i and v j . Calculation of spatial correlation mainly considers spatial distance and wind direction angle.
The spatial distance (Dist) is presented as spatial distance matrix.
Element d ij represents geographical distance between nodes v i and v j .
The wind direction angle ( ) holds angles between wind direction WD t and the edge of node pair.
Notation θ ij represents the magnitude of the wind direction angle corresponding to nodes v i and v j .
B. AIR QUALITY AND TEMPROAL NETWORK ESTABLISHMENT
At present, in China's Beijing-Tianjin-Hebei and Yangtze River Delta and other regions, wide range and multi-level air quality monitoring system has been constructed, which produces a large amount of data with various types and complex structures. By resolving regional air quality monitoring data and meteorological data, temporal evolution sequences and spatial characteristic matrices are acquired. After the foundation of air quality system dynamic topology based on temporal correlation analysis and weight allocation measured by spatial interaction, we establish the air quality spatial and temporal network, which is analyzed with community detecting algorithms. The specific process is shown in Figure 5 . 
1) ANALYSIS OF REGIONAL AIR QUALITY
The data to be investigated consists of monitoring data, for example, concentration of PM 2.5 , PM 10 , O 3 , SO 2 , NO 2 , CO, and so on, and geological data, such as longitude, latitude, altitude, topography, and so forth, and meteorological data, for example, wind direction, wind speed, temperature, humidity, pressure, rainfall, etc. These data can be classified as temporal and spatial characteristic data. For the temporal dimension, similarity of pollutant concentration sequences can be used to characterize the temporal correlation between two regional nodes. From the spatial perspective, in addition to the influence of geographical distance, the influence of meteorological factors should be taken into consideration. Through the analysis of associations between various types of meteorological factors and air quality evolution, the wind is proved to be the main factor that affects the propagation of pollutants.
2) ESTABLISHMENT OF AIR QUALITY TEMPORAL CORRELATION
By calculating the temporal correlation matrix and adjacency matrix, temporal correlation is considered to construct topological structure of air quality.
a: CALCULATION OF THE TEMPORAL CORRELATION MATRIX
To calculate TR, we first need to establish pollutant concentration temporal sequence C i . Assuming that t is the reference time to be analysed, the temporal sequence C i is generated by selecting continuous hourly concentration data and recorded as C i = {c 1 , c 2 , . . . , c t−1 , c t }, where t = T 0 is the length of the time period. The pollutant concentration temporal sequences are generated for each nodes, for example, the temporal sequence of node v i at time t is C i = {c 1 , c 2 , . . . ,c t−1 , c t }, where c 1 corresponds to the pollutant concentration at time (t − T 0 +1). The contaminant concentration temporal sequences of all sites constitute the set C = {C 1 , C 2 , . . . ,C m }, where m is the total number of air quality monitor stations. To ensure data integrity and reliability, we set T 0 = 72.
The following step is calculating the temporal correlation matrix TR based on the established contaminant temporal sequence set C. This process obtains temporal correlation by calculating the partial correlation coefficient of temporal sequence vectors of node pairs, and records in the corresponding element of matrix TR.
For example, the temporal correlation r ij of v i and v j is acquired by calculating the partial correlation of C i and C j . The partial correlation coefficient of pollutant concentration temporal sequence set (C) is calculated as follows.
The matrix (TR), can indicate the temporal correlation intensity, which reflects the similarity and interaction frequency between each pair of nodes. Algorithm 1 gives the calculation process of TR.
Algorithm 1 Air Quality Temporal Correlation Algorithm (ComputeTR)
Input: time t, node set V Output: The time correlation matrix TR at time t
CONSTRUCTION OF AIR QUALITY ADJACENCY MATRIX
Examining the temporal correlation matrix TR, the adjacency matrix is further constructed by 0-1 processing. In this process, the appropriate threshold ρ is defined depending on the degree of temporal correlation. The 0-1 process deals with all elements r ij in the traversal matrix TR, assigning the element value greater than ρ to 1, otherwise 0.
After that, an adjacency matrix can be obtained.
c: ESTABLISHMENT OF AIR QUALITY TOPOLOGY
In this part, we construct topological relations of the network based on the adjacency matrix. When the temporal correlation is greater than the threshold ρ, it indicates that the nodes pair has strong correlation, which can establish an edge between nodes. On the contrary, lower temporal correlation indicates that the association between the pair of nodes is weak, which is insufficient to create an edge. Therefore, if s ij = 1, an edge e ij ∈ E is established between the nodes v i and v j , otherwise s ij = 0, no edge is founded between the corresponding nodes. Traversing the adjacency matrix to create all the edges can build the air quality spatial and temporal network topology, as shown in Figure 6 .
FIGURE 6. Air quality spatial and temporal network topology.
From the perspective of spatial dimension, the possibility of pollutants interacting between exceedingly distant nodes is very small. Thus, solely depending on the temporal correlation TR of air quality will result in cross-domain connections, which do not conform to the actual air quality environment. Consequently, the air quality system must be analyzed in conjunction with the spatial correlation SR of air quality to confine the occurrence of cross-domain phenomena.
C. ESTABLISHMENT OF AIR QUALITY SPATIAL CORRELATION
This part discusses air quality spatial homogeneity and heterogeneity to compute the spatial correlation matrix SR. Based on SR, air quality spatial dependence is measured for the air quality network topology weight allocation.
1) CALCULATION OF AIR QUALITY SPATIAL HOMOGENEITY
Spatial homogeneity is presented through the geographic position relation between geographical nodes. Nodes of air quality spatial and temporal network have attributes Lng and Lat, which represent the latitude and longitude respectively. In our work, spatial homogeneity is given in distance, suggesting that larger distance between sites means larger propagation cost. Haversine spherical distance calculation method is utilized to form the distance matrix Dist in this paper, formulated as follows. 
2) CALCULATION OF AIR QUALITY SPATIAL HETEROGENEITY
In general, simply relying on the distance to define the weight cannot effectively reflect properties of pollutant transmission. Since propagation of pollutants is mainly affected by the influence of wind, spatial heterogeneity of air quality is expressed by the wind angle.
Based on the above mentioned, we generate the wind direction angle θ ij , calculating the angle between wind direction wd t , which is dynamically changing, and the edge direction v i v j between v i and v j . On this basis, the wind angle matrix is constructed. The wind direction angle is formulated as below.
where θ ij denotes the wind direction angle between node i and node j, and wd t is the wind direction of the node i based on the north direction, and v i v j is the edge direction from node v i to node v j base on the north direction. As shown in Fig. 7, N 
3) CONSTRUCTION OF THE SPATIAL CORRELATION MATRIX (WEIGHT MATRIX)
Based on the analysis of spatial homogeneity and heterogeneity, the spatial correlation between air quality stations is negatively correlated with the distance d ij and the wind angle θ ij , which is denoted as the intensity w ij . For instance, the impact of node v j on v i can be ignored, if v j is far away from the node v i or has a large wind direction angle between them. Consequently, it is necessary to set the distance threshold c and the wind direction angle threshold ϕ to cut edges with large distance or large wind direction angle between nodes. According to the influencing scope of wind, we set ϕ = 90 o and give c in section six.
After that, we establish the matrix SR by analysing the spatial correlation for each nodes, which is executed according to the standard model -Gaussian diffusion model in the wind field to calculate the diffusion cost, called Gaussian vector weight (GVW). Considering the influence of distance and wind angle on the spatial propagation of pollutants, each element in SR matrix represents the degree of spatial correlation between a node pair. The basic formula of the Gaussian diffusion model [29] is as follows.
where x represents the downwind distance, and y represents the horizontal distance between the point of departure and the centerline of wind direction. The element z denotes the height of the pollutant release point. C 0 (x, y, z, u) represents air pollutant concentration. The symbol u is the horizontal wind speed. Notations σ y and σ z represent the diffusion standard deviation in the horizontal and vertical directions, respectively. In order to simplify the basic formula, Gaussian vector weight (GVW) is defined by combining the influence of wind direction and distance based on Gaussian kernel function, which is consistent with the propagation process of the air pollutant. GVW that is the weight of an edge is defined as follows.
where d ij and θ ij represent the distance variable and the angle variable, respectively. Two conditional parameters k and c are used to control the influence degree of wind direction and distance. The function value ranges from 0 to 1. The weight, which decreases with the increase of distance and reduces with the raise of wind direction angle, is obtained by spatial correlation analysis reflecting the interaction possibility and intensity between nodes. Algorithm 2 gives the air quality spatial correlation calculation process.
Subsequently, the spatial correlation matrix is utilized to assign weights of edges, accomplishing the construction of AQSTN. AQSTN integrates both temporal features and spatial features, of which the node pair frequently interacting during historical period establishes an edge. After that, appropriate weights are allocated for the edges according to pollutant propagation cost. Larger weight represents easier diffuse of pollutants, on the contrary, smaller weight means more difficult to spread contaminants.
D. ESTABLISHMENT OF AIR QUALITY SPATIAL AND TEMPORAL NETWORK
Through the calculation and analysis of TR and SR, AQSTN is established. Accordingly, the community structure of it is mined using community mining algorithms. Figure 8 . In this figure, we use different colors to represent different communities, and use straight lines to represent the interactions between nodes. We also detail the distribution of Beijing and Tianjin community structures. Indicated by the division result, the problem of cross-domain phenomenon has been addressed, which means nodes connected together are geographically close to each other. 
V. COMMUNITY EVALUATION CRITERIAS
Clustering coefficient is an important criterion for measuring the small world property of a topological graph. The clustering coefficient of the entire network is defined by Watts and Stogatz [12] as the mean of the local clustering coefficients of all nodes. If the average clustering coefficient of a graph is significantly higher than the random graph generated on the same set of nodes, and the average path length is close to the corresponding random graph, the graph can be considered to be of small world nature. Networks with higher average clustering coefficients are found to have significant module structures. Meanwhile, the average path length of them is usually smaller. The weighted local clustering coefficient of undirected graph is calculated as follows.
Symbol s i is the intensity of node v i , which is the sum of adjacent edge weights. Where a ij is the corresponding element in the adjacency matrix, k i is the degree of node v i , and w ij is the weight of edge e ij . If the weight of all edges are the same, this formula represents the local transitivity of general unweighted graph.
The average path length is calculated as follows. (20) Here, n is the number of nodes, d ij represents the shortest path length between two nodes. The shortest path length d i→j→k = w ij + w jk , when it takes the weight into account.
A mass of studies focused on the complex network indicate that degree distribution has the characteristic of scale-free. The degree distribution of nodes describes the probability P (s) of a node that possesses the degree of s in the network. Additionally, the probability distribution of node degree generally follows the power law distribution P (s) ∼s −α , of which the value of exponent α is usually around 2 [30] . To further study the ability of our approach, an analysis of scale-free feature for AQSTN is performed.
The community structure identified by the algorithms, is assessed using modularity Q [32] that measures the significance of communities due to a selected null model. Let l i be the community (label) of node v i ∈ N and let A ij denote the number of edges incident to nodes v i ,v j ∈ N. Furthermore, let P ij be the expected number of incident edges for v i , v j in the null model. The modularity then is defined as follows.
where m is the number of edges, that is, m = |E|. The symbol δ represents the Kronecker function, of which the independent variable (input value) is generally two integers, 
VI. EXPERIMENTS AND ANALYSIS
In this section, the dynamism, reliability, scalability and community characteristics of AQSTN model are verified by conducting various experiments on real data. We evaluate our model with three community detecting algorithms to perform comparative analysis, which take advantage of data of air quality monitor stations in Beijing and Tianjin and the surrounding areas. Meanwhile, a large number of experiments, which consists of 12 months of targeted analysis, show that our experimental results are reducible.
The data set comes from the data in the [3] detailed in Table 1 . Major cities: the 31 cities within Beijing, Tianjin and around 300 kilometers; Air quality data: 220 sites per hour of data; Real-time atmospheric data: zone level or city level; Weather forecast data: district level or city level, the next two days, the time granularity of 3 hours, 6 hours, 12 hours.
A. EXPERIMENTAL PARAMETERS
In the period of temporal correlation analysis, the threshold ρ is to be set. The role of the threshold ρ is to adjust total number of edges in the topology, as excessive edges lead to the existence of edges that reflect very weak correlations between nodes, and few edges remarkably reduce the connectivity of the entire topology. In that sense, we use 0.01 as the granularity to adjust ρ for observing the change of the shortest path length of the topology. By contrast, with the enhancing of ρ, the shortest path length increases when the edge number is quite large, and the shortest path length decreases while the edge number reduces to a certain extent. That is to say, the shortest path length will peak with the change of ρ. Apparently, this phenomenon shows that the number reduction of edges of the topology at the beginning makes the partition appear gradually, consequently augmenting the length of the path between nodes pair. As the edge number is still decrease, the partition is more obvious, which leads to abnormal topology. This phenomenon weakens the interaction between the clusters greatly, which will affect the community mining results. Additionally, the topology of peak point has already shown abnormity, hence the best status appear before the peak point. By assessing the 12-month data, the peak appears when ρ is between 0.06 and 0.09. Therefore, we choose a smaller ρ value (ρ = 0.05). This threshold not only ensures the integrity of the topology, but also helps to complete the deletion of connections between nodes, of which the correlation is too low.
Furthermore, we consider the spatial homogeneity and heterogeneity as the main factors influencing regional diffusion in the spatial correlation analysis. In accordance with the definition of GVW, when the parameter k regarded as a heterogeneous strength variable equals to 0, the GVW acts identically with traditional Gaussian kernel function. Another parameter c is also known as bandwidth with the purpose of adjusting the smoothness of GVW. In our paper, according to the analysis of [8] and [29] , the value of k is set to 2, and the value of c is the average of the distance of all edges.
B. EXPERIMENTAL ANALYSIS
We firstly conduct experiments to investigate the community division results of AQSTN on April 15, 2015 using three community detecting algorithms (Walktrap algorithm [31] , FastGreedy algorithm [32] , GN algorithm [33] ), as shown in Figure 8-10 .
By contrast, division results of these three algorithms present generally stable and almost identical. With regard to most areas, such as Beijing, Tianjin, Tangshan and Qinhuangdao, community structures obtained by different algorithms are almost uniform. According to community results obtained by FastGreedy and GN, divisions are in most places the same except for several nodes in the Shijiazhuang area. Obviously, FastGreedy algorithm and GN algorithm divide Shijiazhuang and Baoding into two communities, but Walktrap algorithm generates a major community structure in these two cities. Furthermore, stations of Zhangjiakou city studied by three algorithms cannot form a community, which is to say the city shows a discrete state.
Through the analysis of the results, we can find that in April 15, 2015, the spread of air pollutants between Baoding and Shijiazhuang cities is continual. Although the impact between Qinhuangdao and Tangshan cities is also strong, the interaction between two cities comparing with inner propagation of their own, is not enough to form a union community. In addition, the interior correlation SR of Zhangjiakou city is stark, but there is no community structure, which indicates that the internal correlation TR between nodes is weak. Figure 11 shows community structure distribution of AQSTNs on November 14, 2014, December 10, 2014, and January 14, 2015, from which we can see that the air quality model that has been built possesses strong dynamics. The size and coverage area of communities, as well as the interaction within and between the clusters of AQSTN model are diverse in different dates. Take the case of Shijiazhuang and Baoding cities, there are four communities in this region on November 14, 2014, then this region is divided into six communities on December 10, 2014, however on January 14, 2015 the distribution contains five distinct communities and some discrete nodes.
C. DYNAMICS AND RELIABILITY ANALYSIS
The PM 2.5 pollution status on November 14, 2014 and April 15, 2015 is compared with the community distribution of AQSTN on the same date as shown in Figure 12 and Figure 13 . It is indicated that the community distribution is consistent with the distribution of PM 2.5 pollution level to a certain extent, which proves that AQSTN we have established is practical and reliable. Pollutant diffusion among adjacent areas on the impact of wind generates similar levels of pollution inside the community, which implies the internal interaction of nodes inside the same community is remarkable. Besides, there also exist edges between nodes belonging to different communities to represent the smaller interaction between the two communities. As a result, their pollution levels are infirmly comparable with certain diversity. Nevertheless, there is some discrimination between community structure and PM 2.5 distribution situation. As we can see, the pollutant concentrations in the same community of some areas appear different levels. The reason that nodes within the community hold a lower concentration is because pollutants have not reached yet or have been degraded. Moreover, the nodes possess higher concentration within the community describes the phenomenon that internal pollutants have not been degraded in time or proliferated to other regions.
D. COMMUNITY CHARACTERISTICS ANALYSIS
Some basic statistic criterions of complex network are listed in Table2, where the first column means the dates of generated network model and others are the data obtained based on AQSTN. Remaining columns represent the number of nodes, the number of edges, degree distribution index, average aggregation coefficient, average path length, as well as the average aggregation coefficient and average path length of ER random graphs with the same number of nodes and edges, respectively. The ER random graph is the most used stochastic graph model, whose generation is random connecting a pair of nodes to satisfy the predetermined number of edges. According to Table 2 , the average path length of AQSTNs is close to that of the random graph. Meanwhile, the average clustering coefficient is much larger, which indicates that AQSTN model possesses obvious ''small world'' property. Small-world property is related to the information propagation in the network, suggesting that in such a network that possesses small-world effect, information spreading speed is faster. Additionally, in such a network, small amount changes on the connectivity among nodes can dramatically alter the performance of the entire network. Therefore, it can be found that by adjusting the information propagation method existing in the air quality network, for example, cutting off several spreading path of air pollutants, can obtain noteworthy promotion of the air quality status of the whole network.
In Figure 14 , the experimental results show that the probability distribution of node degree in AQSTN based on different dates obviously follows the power-law distribution. During the experiment process, we accomplish the data fitting and calculate the exponent α of the power law distribution, at different dates respectively. As shown in Table 2 , the results present the value of α, which is between 1 and 2. Since demonstrations of plenty of literatures, the complex network equips with scale-free property, which means the distribution of node degree obeys power-law distribution with its index α around 2. Accordingly, our model possesses distinct scalefree property, which means the connectivity among nodes is non-uniform, namely heterogeneous. Besides, it should be noted that scale-free property is closely relevant to the robustness of the whole network, contributing with the fault tolerance of the network. Nonetheless, for the selective attack based on the node degree value, its anti-attack capability is quite poor, and the existence of high degree nodes greatly weakened the network robustness. In practice, we can adopt degradation methods on the nodes with high degree and its adjacent areas based on the AQSTN, so that the overall pollution level can be significantly reduced.
FIGURE 14.
The node degree probability distribution of air quality spatial and temporal network for each date.
We take three community mining algorithms to compute the modularity of AQSTN for data of twelve months. Seen from the results in Table 3 , the modularity of AQSTNs is almost more than 0.7, and the modularity greater than 0.3 can be regarded as a sign of obtaining significant community structure. Particularly, some networks hold modularity above 0.8, providing an insight that the connectivity inside them is very tight. This phenomenon implies AQSTN has obvious local characteristics.
With the aim of performing the comparison and contrast of modularity, we construct the community structure diagram, which is created by Walktrap algorithm based on dates from November 2014 to April 2015. As the experiment results of date November 2014 are shown in Figure 15 , when the modularity Q is smaller, there exist more scattered nodes and communities with more connections between them. In April 2015, despite less scattered nodes, interactions between communities are still relatively strong, corresponding to a smaller Q. Subsequently, we see the internal structure within community of the network is tightly connected and the relationship between communities is weak in February and March 2015, though many scattered nodes exist at the position of upper left, of which the modularity is higher. Hence, in the actual application scenario of AQSTN, when Q is high, air pollutants are more likely to spread in a small region, where local degradation measures should be taken. 
VII. CONCLUSION
This paper studies the construction process of air quality spatial and temporal network model based on the complex network, and demonstrates the dynamics and reliability of AQSTN. Besides, we analyze the community structure of our model, revealing the potential relationship between air quality regions. Through analysis, we find AQSTN has small-world effect, scale-free property and community structure characteristic. These characteristics are consistent with the observed properties of complex networks in other fields, which provide a theoretical basis for the study of air quality.
According to the investigation of this model, the application of AQSTN is proved to be highly promising. The key contributions of our work for practical application lies in three aspects. Firstly, mining algorithms can be employed on AQSTN to find core nodes, which are influential in seeking pollution source, namely the places that seriously polluted. Secondly, the edges of communities provide a basis for finding the propagation path, which can be cut off to prevent the spreading of pollutants. Finally, it is more conducive to the monitoring of air quality that establishing monitor stations in areas where pollution is more serious or interaction is more obvious.
Future work will mainly focus on the following two aspects. First, we will further research the air quality spatial and temporal network model by better combining temporal and spatial features with the aim of enhancing the adaption of real applications. For example, distinguishing the positive or negative effect of interaction to construct directed edges among nodes can contribute to accurately simulating the similarities and differences between sites. We will also concern with the latest community detecting algorithms, which can be applied to community mining in order to facilitate discussion of feasibility of AQSTN. Second, we will employ reasonable approaches to perform air quality analysis and prediction based on the division results of AQSTN. Thus, the key path of controlling air quality pollution will be explored from a macroscopic perspective, and reasonable suggestions for setting locations of monitoring stations will be given. Her research interests include data mining, complex network, and software security.
